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Abstract- The paper focuses on the geostatistical analysis of the data set on the Philippine archipelago. The research question 
is understanding variability in several geospatial parameters (geology, geomorphology, tectonics and bathymetry) in different 
segments of the study area. The initial data set was generated in QGIS by digitizing 25 cross-sectioning profiles. The data set  
contained information on the geospatial parameters in the samples by profiles. Modelling and statistical analysis were 
performed in SPSS IBM Statistics software. The analysis of the topography shows strong variability of the elevations in the 
samples with the extreme depths in the central part of the study area (profile 13 with -9,400 m) and highest elevations in its 
south-western part (profile 17 with 1950 m). The analysis of the geological classes and lithology shows maximal samples of 
the basic volcanic rocks (40,40%) followed by mixed sedimentary consolidated rocks (31,90 %). Pairwise analysis of the 
sediment thickness and slope aspect demonstrates correlation between these two variables with the maximal sediment layer in 
the profiles 1-4 crossing the Philippines. The hierarchical dendrogram clustering of the bathymetry by three approaches shown 
maximal correlation of 5 clusters containing profile groups: 12-18 (centre), 22-25 (south-west), 1-2 (north), 7-8 (north-east), 
19-21 (south-west). Other profiles show lesser similarities in the bathymetric patterns. The forecasting models were computed 
for the geospatial variables showing gradual increase in the gradient angles southwards and increased values for the sediment 
thickness in the north. Technically, the results proved effectiveness of the SPSS application of the geological data modelling. 
Keywords Geological Modelling; SPSS Statistics; Data Analysis; Philippines; Marine Geology. 
 
1. Introduction 
Modelling geological data requires a multi-disciplinary 
approach to finding and analysing patterns in the categorical 
geospatial data. Understanding complex relationships 
between the variables constituting geospatial data set 
requires thorough analysis of the properties and features of 
the study area: geology, bathymetry, tectonics, 
geomorphology. A fusion of the different approaches and 
analytical methods and algorithms proposed by the existing 
statistical software and tools enables to solve such research 
problems and operate with the multi-source data.  
Application of the data mining and machine learning 
algorithms for the geological domain is of particular interest 
nowadays, because the geospatial data are almost always 
include multidimensional data arrays collected through the 
geological expeditions as large data sets. Statistical analysis 
of the large data sets by various methods enables to perform 
precise and accurate data analysis, as well as perform 
predictive modelling, and visualize descriptive statistics on 
the raw data. Various approaches exist in data analysis and 
machine learning both covering general aspects of the data 
mining [1], [2], [3], [4], [5], as well as particular tasks of the 
geological modelling and data analysis in geosciences [6], 
[7], [8], [9], [10], [11]. 
The particular problem of the geoscience data modelling 
consists in traditional use of GIS and geoinformatics for the 
data analysis with significantly lesser usage of data analysis 
by the statistical algorithms and specific software (SPSS) or 
programming packages of R [12], [13], [14] or Python [15], 
[16], [17].  
The data analysis in the geological marine mapping 
domains is traditionally based on the geoinformatics and 
embedded plugins of the GIS software [18], [19], [20]. 
Therefore, the statistical data analysis is often less 
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representative in the geosciences, comparing to the computer 
sciences, IT and finances. The statistical data analysis is 
widely used in other domain. These include, as mentioned 
before, such branches as economics, IT, finance and social 
studies where various algorithms and approaches are being 
developed, tested and improved. To fill in the gap between 
the geoscience and statistical data analysis, this research aims 
at the particular approach of the geodata modelling by means 
of the software SPSS IBM Statistics.  
 
Fig. 1. Statistical box plots on the bathymetry: min-max 
values, 1st and 3rd quartiles, median. 
The geological focus of the current research is analysis 
of the geological interrelationship between the variables 
(geomorphology, geology, tectonic plates, topography and 
bathymetry) of the study area: the Philippines islands and 
Philippine Trench located in the west Pacific Ocean, between 
the South China Sea and the Philippine Sea. 
2. Methods 
2.1. Initializing GIS project and generating data set 
The first part of the research was performed in the 
Quantum GIS where the GIS project was initiated. The 
project contained vector thematic GIS layers with following 
data: tectonics, geology, geomorphology, bathymetry.  
Fig. 2. Error bar of variability (25 profiles) with a 5% 
confidence interval of the standard deviation.  
The layers were processed, combined and re-projected in 
common coordinate system (UTM). Thereafter, the 25 cross-
sectioning profiles were digitized across the Philippine 
archipelago and adjacent hadal trench crossing two tectonic 
plates: the Philippine Sea Plate and Sunda Plate. The 
information from all thematic layers where the digitized lines 
crossed the layers were recorded in the GIS attribute table 
which was then stored as a .csv table. At the next step, the 
table was imported int the IBM SPSS Statistics software as a 
working data set. All further research steps and graphical 
plotting were performed in the IBM SPSS Statistics. 
2.2. Analysis of the bathymetric ranges: variability of the 
samples by box plots and error bars  
Statistical analysis of the observations from the 
geospatial data set by visualizing box plots allows to 
distinguish concentration of the data showing the extreme 
values in the bathymetric and topographic elevations (Figure 
1) across the Philippine Trench and archipelago. Plotted 25 
box plots are constructed from five values each:  minimum 
and maximum values, the first and third quartiles, and the 
median (Figure 1). The error bars for the bathymetric 
analysis were plotted using Graphs/Legacy Dialog menu 
from the SPSS. They show summaries for the separate 
variables of 25 cross-sectioning profiles (Figure 2).  
Fig. 3. Descriptive statistical analysis of the bathymetry by 
cross-sectioning profile 1. A) Normal QQ plot; B) Normal 
PP plot; C) Detrended normal QQ profile.  
Each bar represents the confidence interval for the 
recorded means with excluded missing values showing the 
percentage value of 5% of the standard deviation. 
Descriptive statistical analysis on the bathymetry was 
performed by plotting the probability of the elevation data 
distribution by quantiles (QQ) and point-point (PP) plots. 
These methods show analysis of the normality of the 
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topographic data distribution. The PP plot shows a scatter 
diagram comparing two bathymetric samples of the same 
profile (Figure 3). The next step of the topographic analysis 
was performed by plotting statistical data description by the 
high-low charts for the analysis of the depths ranges showing 
summaries of the separate variables by the 25 profiles 
(Figure 4). 
2.3. Multi-variance analysis of the geospatial variables: 
geology, tectonics and geomorphology 
The analysis of the geological classes and lithology of 
the study area was performed by two approaches. First, 
qualitative analysis of the geological classes by the multi-
plot visualization for comparative analysis (Figure 5). The 
chart shows mean values of the observation samples by 
separate variables (cross-sectioning profiles, 1:25 crossing 
the Philippine archipelago and trench. Second, the 
quantitative analysis of the geologic data  (Figure 6) was 
performed using pie charts showing visual data distribution 
across the Philippines.  
Fig. 4. Statistical analysis by high-low charts for bathymetry 
and topography, the Philippines 
Quantitative analysis of the tectonic values by the cross-
sectioning profiles was performed by means of the drop line 
chart plotting aimed at the pairwise comparative analysis of 
the two tectonics plate: Sunda Plate and the Philippine Sea 
Plate (Figure 7).  
 
Fig. 5. Variation of the data distribution for the geologic 
classes across the 25 profiles 
Pairwise correlation of the geology (sedimentation 
thickness layer) and geomorphology was done using method 
of the stacked area charts where two variables were 
visualized in a combined plot using relative y-scale factor 
(Figure 8).   
2.4. Hierarchical cluster analysis and modelling 
Visualizing data by the hierarchical cluster analysis and 
plotting dendrograms (tree diagrams) is an effective method 
reviewed and discussed in various existing research works 
[21], [22], [23]. Hierarchical clustering aims at grouping data 
by the attribute similarities (Figure 8 and Figure 9). The 
hierarchical cluster analysis was performed using ‘Analyse / 
Classify / Hierarchical Cluster’ module by the SPSS 
Statistics. The statistical methods included agglomeration 
schedule of the variables and computing proximity matrix 
(Table 2).  
 
Fig. 6. Quantitative data distribution on lithology and 
geology across the Philippine Islands 
Table 1. Descriptive Statistics for the recorded 
geological classes across 25 profiles, Philippines 
Class name Maximum Mean 
Std. 
Deviation 
geolC 73 14.48 22.602 
geolP 22 .88 4.400 
geolVb 141 39.72 41.390 
geolA 58 4.84 13.104 
geolSmi 106 31.36 36.555 
geolPb 17 .68 3.400 
geolM 73 6.36 19.506 
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Three methods of the data grouping were tested to 
achieve optimal results: Ward’s method, Centroid clustering 
and Average linkage between groups. The best solution was 
proposed by the Ward’s criterion method, a general 
agglomerative hierarchical clustering procedure, initially 
suggested by J. H. Ward [24] and developed in further 
studies [25], [26].  
The particularity of this method consists in its approach 
towards data grouping: the criterion for choosing pair of 
clusters to merge at each step is based on the optimal value 
of an objective function. Modelling forecasts for the 
geological and geomorphic variables enables to asses the 
possible variations of the data using existing condition by 
given condition (Figure 11).   
Table 2. Proximity Dissimilarity Matrix by Euclidean 
Distance. Geological variables: C, P, Vb, A, Smi, Pb, M 
Geol
. 
geolC geolP geolV
b 
geolA geolS
mi 
geolP
b 
geol
M 
C .000 134.1
12 
207.2
22 
118.0
97 
199.0
28 
131.9
73 
166.2
68 
P 134.1
12 
.000 283.7
48 
72.04
9 
237.5
63 
27.80
3 
103.0
87 
Vb 207.2
22 
283.7
48 
.000 264.9
23 
206.7
82 
282.1
74 
291.3
93 
A 118.0
97 
72.04
9 
264.9
23 
.000 215.3
07 
70.68
2 
121.8
61 
Smi 199.0
28 
237.5
63 
206.7
82 
215.3
07 
.000 234.3
18 
251.6
96 
Pb 131.9
73 
27.80
3 
282.1
74 
70.68
2 
234.3
18 
.000 102.1
37 
M 166.2
68 
103.0
87 
291.3
93 
121.8
61 
251.6
96 
102.1
37 
.000 
 
3. Results 
The first part of the research (Figures 1-4) aims at the 
analysis of the bathymetry and topography. In this part the 
elevations across the study area were tested by various 
statistical approaches.  
The results on the bathymetric analysis show following 
findings. As can be seen from the Figure 1,  the greatest 
depths in bathymetry of the Philippine archipelago from the 
whole data set is noted by the profiles 12 and 13 where the 
values are reaching -9,150 and -9,400 meters, respectively.  
On the contrary, the highest elevation values are detected by 
the profiles Nr. 17 (1950 meters).  
Error bars (Figure 2) demonstrate variability of the data 
(cross-sectioning 25 bathymetric profiles) with a 5% 
confidence interval of the standard deviation. As can be 
concluded by the Figure 2, the minimal error bars are 
recorded by the profile 20 with depth of -5,000m followed by 
the profile 24 and 25 with depths ranges of  -3,000 and -
2,400 meters, respectively. The PP plot (Figure 3) shows a 
scatter diagram comparing two bathymetric samples of the 
same profile.  As can be seen from the Figure 3 B (lower 
left), the profiles Nr. 1 shows similar underlying distributions 
by the points with the line representing real data almost 
approaching modelled one, as shown by X axe (expected 
cumulative probability).  
Fig. 7.  Pairwise comparative analysis of the samples 
distribution across two tectonic plates 
The probability of the sample points is visually 
expressed by the point size (Figure 3 B). Figure 3A shows 
example of the normal quantile-quantile (QQ) plot for the 
case of profile 1.  
Table 3. ANOVA One-Way computing results for the 
geological variables 
Geological variables Sum of 
Squares 
df Mean 
Square 
geolC Between Groups, 
Total 
12260.240 24 510.843 
geolP Between Groups, Tot. 464.640 24 19.360 
geolVb Between Groups, Tot. 41115.040 24 1713.127 
geolA Between Groups, Tot. 4121.360 24 171.723 
geolS
mi 
Between Groups, Tot. 32069.760 24 1336.240 
geolPb Between Groups, Tot 277.440 24 11.560 
geolM Between Groups, Tot. 9131.760 24 380.490 
 
The same data modelling was modelled for the 25 
profiles of the data set. The data demonstrated normal 
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distribution. Figure 3C (lower right) shows a scatter diagram 
comparing a distribution of samples of the profile 1 by 
detrended normal QQ plot for this profile. Central part of the 
Philippine Trench (profiles Nr. 12-14) and south-eastern 
segment (profiles Nr. 17-19) are notable for the increased 
depth ranges, as can be seen from the Figure 4.  
Table 4. Statistics on the frequencies in data records: 
sediment thickness and slope aspect (a). Calculated from 
grouped data. b). Multiple modes exist. The smallest value is 
shown. c). Percentiles are calculated from the grouped data. 
Statistical values Sediment thickness Slope aspect 
Mean 824.20 133.36 
Std. Error of Mean 127.171 16.988 
Median 629.00a 114.00a 
Mode 402b 229 
Std. Deviation 635.856 84.940 
Variance 404312.250 7214.823 
Skewness 2.946 .222 
Std. Error Skewness .464 .464 
Kurtosis 8.088 -1.252 
Std. Error of Kurtosis .902 .902 
Range 2504 277 
Minimum 402 14 
Maximum 2906 291 
Sum 20605 3334 
The depth variations in the bathymetric patterns are 
caused by the specific geomorphic conditions of the 
Philippine archipelago that crosses two tectonic plates and 
submarine volcanic areas.  
Table 5. Model Statistics  
Model Model Fit 
statistics 
Ljung-Box Q(18) 
Stationary 
R-squared 
Statistics DF Sig. 
sedim_thickness-
Model_1 
.390 3.650 17 1.000 
slope_aspect-
Model_2 
.251 12.269 17 .784 
tan_angle-
Model_3 
.808 11.868 16 .753 
 
The collision of the tectonic slabs directly affects the 
topography. Other factors include submarine erosions and 
geology (sedimentation and physical properties of rocks). On 
the contrary, the elevations are notable (Figure 4) for the 
profiles 15, 17 and 3 where the profiles cross the selected 
small islands from the Philippine archipelago.   
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Fig. 8. Hierarchical cluster analysis with dendrogram 
visualization by two approaches: Ward Linkage and Average 
Linkage, for the set of cross-section profiles 1:25. 
Analysis of the distribution of the lithologic classes by 
samples shows (Figure 5) the significant predominance of 
the ‘Basic volcanic rocks’ followed by the ‘Mixed 
sedimentary consolidated rocks’ formed by accumulating of 
the sediment particles, as the most representative of two 
classes recorded across the Philippine archipelago by cross-
sectioning profiles.  
The mixed sedimentary consolidated rocks were formed 
by the submarine erosion from the abyssal plain area located 
near the Philippine Trench and transported to the trench, as 
well as submarine canyons followed by the water currents. 
Metamorphic rocks formed as a result of the transformation 
of various types of the existing rocks created third large 
group of the lithological rock types on the Philippine 
archipelago.  
 
Fig. 9. Hierarchical cluster analysis with dendrogram 
visualization by Centroid Linkage approach and cases. 
The analysis of the geological classes and lithology show 
maximal samples of the Basic volcanic rocks, Vb (40,40%) 
followed by Mixed sedimentary consolidated rocks, Smi 
(31,90 %) across the study area (Figure 6). On the contrary, 
Basic-ultrabasic plutonic rocks (Pb) are the least represented 
rock types among other lithological groups with the least 
samples recorded (0.69%).  
This type of the rocks is presented by the igneous and 
meta-igneous rocks with a very low silica content, which 
constitute the lowerst part of oceanic crust of the Philippine 
Trench, generated at the mid-ocean or back-arc ridges in the 
area nearby. Precambrian rocks (P) are the second 
underrepresented rock type across the Philippines, as can be 
noticed on the Figure 6 (0.90%).  
The Precambrian rocks are exceptionally rare since they 
are formed during the earliest geologic period of the Earth 
formation, and in most cases they are formed further to the 
metamorphic rocks. With 4,92 % and 6,47 % of the detected 
data samples, the Alluvial deposits (A) of the coastal area of 
the Philippines and the Metamorphic rocks (M) show the 
moderate part in the patters of the data distribution, 
respectively.  
Fig. 10. Hierarchical cluster analysis: cluster cases. 
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Complex lithology of the Mesozoic, Jurassic and 
Cretaceous rocks is covered by the 14,73% of the total 
records in the observation samples.  
The variations in the lithological patters of the 
Philippines may reflect the restricted geological and 
oceanographic conditions of the rocks formation, as well as 
the specific stratigraphy and sedimentary ocean environment 
of the Jurassic, Mesozoic and Cretaceous strata around the 
Philippines.  
 
4. Results 
The computation of the descriptive statistical parameters 
(standard deviation, maximal and mean values) is shown on 
the Table 1. The computation of the proximity dissimilarity 
matrix by Euclidean distance method is presented on the 
Table 2. It shows the two-dimensional square array 
containing the distances between the geological values across 
the seven recorded groups taken pairwise, between the 
elements of the each set of the geological classes.  
Fig. 11. Forecasting data modelling for the geospatial 
parameters: A) sediment thickness, slope aspect and gradient 
angles 
The computations of the One-Way ANOVA for the 
geological modelling are shown on the Table 3 to performed 
to compare means of the seven geological samples. The 
graphical results of the drop line chart visualization, one of 
the experimental statistical methods, can be used to 
determine pairs of the factors that should be analysed 
comparatively. Two tectonic plates that cross the study area, 
Philippine Sea Plate and Sunda Plate, influence the 
geomorphology of the Philippines by the slab collision. The 
characteristics of the data distribution by two plates, 
respectively, can be used for the analysis of the spread of the 
tectonic plates in the study area. Thus, Figure 7 illustrates the 
maximal samples located on the Philippine Sea plate for the 
profiles 21, 22 and 23 (765, 681 and 652 samples, 
respectively), that is south-west location of the Philippines. 
Sunda Plate, a minor tectonic plate located mostly in the 
South-China Sea, has significantly lesser influence on the 
Philippine Trench bathymetry comparing to the Philippine 
Sea Plate. Thus, it shows much lesser observation samples 
with the maximal records for the profile 25 (622 samples). 
The hierarchical dendrogram clustering of the 
bathymetry by three approaches shown maximal correlation 
of 5 clusters containing profile groups across the Philippines: 
12-18 (centre), 22-25 (south-west), 1-2 (north), 7-8 (north-
east), 19-21 (south-west). Other profiles show lesser 
similarities in the bathymetric patterns. Grouping 
bathymetric data by classes using hierarchical clustering 
(Figure 8) aimed at building agglomerative hierarchy of the 
bathymetric ranges divided by clusters according to the 
similarities in depths or topographic elevations for the 
segments located on the land areas (Philippine islands).  
By comparing three types of the clustering, Ward, 
Average Linkage (Figure 8) and Centroid Linkage (Figure 9) 
for several cluster cases of the 25 profiles (Figure 10), the 
Ward approach demonstrates the most effective results of 
clustering approach dividing the data set into distinct three 
groups that are in turn subdivided into small groups of the 
profiles. The first class comprises profiles 1-2, 10, 16-17, 19-
25 with similarities in the elevation ranges. The majority of 
the profiles of this class are located in the southern part of the 
tench (starting from 16th to 25th), and two profiles belongs 
to the northern part of the trench. The second class includes 
profiles 3-4, 9, 11-12, 15 and 18, mostly located in the 
central part of the crossing Philippine Trench. Finally, the 
third class includes the group of profiles 5-8 (north-eastern 
part of the area) and profiles 13-14 located in the central part 
of the trench. The division of the profiles is performed by the 
topographic similarity of the depth values, both in the 
absolute values and in their repeatability showing character 
of the geomorphic patterns.  
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Fig. 12. Forecasting data modelling for the geospatial 
parameters: B) Residuals for the autocorrelation (ACF) and 
partial autocorrelation (PACF) 
Final part of the research included forecasting models 
computed for the geospatial variables showing gradual 
increase in the gradient angles (in tangent) by 25 profiles in 
the southward direction and increased values for the 
sediment thickness for the profiles 1-4 (north). The 
computational part of this methodology is shown on the 
Table 5 (Statistical computations), Table 6 (Model fit) and 
Table 7 (Model fit: Percentile), respectively.  
The forecasting data modelling shows following 
geospatial parameters: sediment thickness, slope aspect and 
gradient angles (Figure 11), residuals for the autocorrelation 
(ACF) and partial autocorrelation (PACF) (Figure 12). The 
autocorrelation of a geological parameters as a function of 
delay in the observation samples across the data samples 
(profiles 1:25). It shows similarity between the geologic 
observations as a function of the spatial lag between the 
samples in a range from 1 to 25 (Figure 12).  
Table 6. Model fit 
Fit 
Statistics 
Mean SE Min Max 
Stationary 
R-squared 
.483 .290 .251 .808 
R-squared .249 .179 .048 .390 
RMSE 196.836 271.913 .444 507.186 
MAPE 58.569 45.000 30.448 110.470 
MaxAPE 278.281 264.341 106.147 582.646 
MAE 120.275 151.231 .309 290.153 
MaxAE 717.296 1095.299 1.021 1978.148 
Normalize
d BIC 
6.771 7.292 -1.365 12.715 
 
In this way it is aimed to show repeating patterns and 
frequency in the geospatial observations of three types: 
sediment thickness layer, slope aspect, gradient angle degree.  
Table 7. Model fit: Percentile 
5 10 25 50 75 90 95 
.251 .251 .251 .390 .808 .808 .808 
.048 .048 .048 .307 .390 .390 .390 
.444 .444 .444 82.878 507.18
6  
507.18
6  
507.18
6  
30.448 30.448 30.448 34.790 110.47
0  
110.47
0  
110.47
0  
106.14
7 
106.14
7 
106.14
7 
146.05
0 
582.64
6  
582.64
6  
582.64
6  
.309 .309 .309 70.363 290.15
3  
290.15
3  
290.15
3  
1.021 1.021 1.021 172.72
0 
1978.1
48  
1978.1
48  
1978.1
48  
 
General correlation between the sediment thickness and 
the slope gradient can be explained by the geomorphic 
properties of the hadal trench affecting the patterns of the 
sediment accumulation. Instability can be noticed by the 
profiles 1-4 where the correlation is not direct due to the 
geospatial location (crossing Philippine archipelago), 
followed by the stable pattern for the rest of the profiles. The 
increase in the sediment noticed for the profiles 1-4 shows 
the Philippine archipelago. The computations are presented 
on the Table 4. 
Fig. 13. Graphical User Interface of the project in IBM 
SPSS Statistics 
5. Conclusion 
The presented results show variations in the geomorphic, 
bathymetric and geological settings of the Philippine 
archipelago. The computations, modelling and visualization 
of the data was performed by the SPSS IBM Statistics 
software. Methodologically, the research demonstrated high 
effectiveness of the SPSS application towards the geological 
data modelling. Demonstrated multi-functional approach for 
the data processing is one of the defining tools in the 
geological data assessment. Compared to other tools, 
programs and methods, e.g. statistical libraries of R or 
Python programming languages, the SPSS IBM Statistics 
demonstrated more straightforwardness due to the GUI 
(graphical user interface), Figure 13. However, compared to 
the popular and widely used MS Excel, the SPSS IBM 
Statistics proposes much more functionalities for the 
advanced statistical modelling.  
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Fig. 14. Schematic methodological flowchart of the 
current research 
Various statistical approaches have been tested to 
quantify the geological differences of the Philippine 
archipelago, as well as trends and variability in its 
bathymetric patterns and correlation between the geomorphic 
landforms and geological features (layers of slope aspect and 
sediment thickness). The use of different modelling 
algorithms, as well as the choice of the variables within the 
dataset to be modelled and used for numerical simulations 
can are important in the geological investigations [27], [28], 
[29]. Therefore, selecting statistical algorithms for the data 
processing is of high importance. The schematic research 
flowchart used in this research includes thematic clusters, 
such as geology, tectonics, geomorphology of the study area, 
as well as methodological approaches (GIS and statistical 
analysis), Figure 14. 
This research is focused on the application of the 
existing tools, approaches and statistical modelling 
algorithms provided by IBM SPSS Statistics software 
towards geological modelling. Finding revealed how well 
tested variables (geomorphology, lithology, bathymetry) 
agree upon the geomorphic variations within the selected 
study area of the Philippines. The study furthermore 
demonstrated spatial variability of the geomorphology of the 
Philippine trench and adjusting archipelago. The consistent 
combination in various statistical metrics of the SPSS IBM 
Statistics shown a multi-factor analysis of the study area 
from different approaches (Figure 14): 1) bathymetry 
(assessment of variations in depth and elevations); 2) 
geology (assessment of various geologic classes of the 
Philippine islands); 3) geomorphology (assessment of the 
slope degree); 4) sedimentation (assessment of the variation 
in sediment thickness layer); 4) geometric variations of the 
hadal trench (assessment of the slope degree and aspect); 5) 
lithology (assessment of the properties and origin of the 
rocks); 6) tectonics (assessment of the distribution of the 
observation samples across two tectonic plates: Sunda Plate 
and the Philippine Sea Plate). All tested modelling and 
classification approaches performed by the SPSS on the data 
set and observation samples proved spatial variability in the 
geologic and geomorphic structure of the Philippine 
archipelago and hadal trench.  
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